• Development of a global land-use allocation model to be linked to integrated assessment models (IAMs).
Introduction
Land use and land-use changes involve interactions between human activities and natural systems. For example, deforestation, agriculture and bioenergy may affect ecosystems, water resources, biodiversity, and the climate system, whereas these biophysical systems may change human activities, decision making and the environment. Many standalone land-use models (LUMs) and land-use modules as a part of integrated assessment models (IAMs) have been developed with different modeling approaches, scales and resolutions, such as CAPS (Meiyappan et al., 2014) , CLUEMondo (van Asselen and Verburg, 2013) , GCAM (Wise and Calvin, 2011) , GLOBIOM (Havlík et al., 2011) , GLM (Hurtt et al., 2006) , IMAGE (Letourneau et al., 2012) , LandSHIFT (Schaldach et al., 2011 ), MAgPIE (Lotze-Campen et al., 2010 , the Nexus land-use model (Souty et al., 2012) , the Land-Use Trade-Offs (LUTO) model and so on. To understand uncertainty, difference in land cover projections were investigated in several approaches (Alexander et al., 2016; Gao et al., 2016) . For instance, the difference in a wide range of model types and scenarios shows a higher degree of uncertainty in land-use projections than that in climate or earth system projections. This analysis raised as a future challenge better understanding the assumptions driving land use model results and to reveal the causes of uncertainty in more depth to help reduce model uncertainty and improve the land cover projections.
Recently, an integration of Earth system models (ESMs) and IAMs has been increasingly needed for addressing the issues that are driven by integrative biogeophysical, socioeconomic and human decisionmaking perspectives (Bond-Lamberty et al., 2014; Hibbard et al., 2010) . The collaboration of the two communities is expected to play an important role and to help better understand the role of both natural and human systems and their interaction. The ESMs capture geophysical aspects such as climate, global carbon cycle, terrestrial vegetation, and ocean ecosystem whereas the IAMs have focused on socio-economic aspects such as energy, economic systems, and associated greenhouse gas emissions and considered land use as a fundamental factor to produce agricultural and forest products. However, in the integration, there is a gap between their regional classifications. The ESMs have a grid-based spatial resolution, whereas most of the IAMs have aggregated regional divisions. To promote the integration, there is a need for downscaling of the socioeconomic, emission and land-use scenarios projected by IAMs. Hibbard et al. (2010) and raise transparency and consistency as criteria of downscaling methodologies and requires diagnostics using different downscaling methods against historical data. Some land use models have been evaluated at country or regional scale (e.g. Kok et al., 2001 ), but global-scale evaluation is still limited due to data issues (Meiyappan et al., 2014) . The model evaluation method presented here could be provided as an example for a global-scale model evaluation. Moreover, global-scale evaluation is important for better understanding of the role of land dynamics in global changes. Although an evaluation of model performance over the historical period does not necessarily guarantee a good performance for future, a high agreement of historical patterns provides information about the uncertainty of future scenarios for the global environmental assessment.
In this study, we developed a land-use allocation model that works with an IAM: the Asian-Pacific Integrated Model/Computable General Equilibrium (AIM/CGE) model. To determine the uncertainty of estimated land-use patterns, we performed verification for a downscaling methodologies by applying the model to a historical period (see Section 2.2 for more detail). Moreover, we conducted a downscaling of aggregated land-use scenarios estimated by AIM/CGE into the gridded level using the model, and investigated the influences of the downscaling on estimates of land-use emissions.
Materials and methods
2.1. Land-use allocation model 2.1.1. Mechanism of land-use allocation Fig. 1 shows the overall framework of the methodology. Regional aggregated land demand projected by AIM/CGE (17 regions) was fed into the land-use allocation model and was downscaled into grid cells (0.5°× 0.5°). The cropland and afforestation area was allocated based on profit maximization where a land owner would decide land-use sharing to obtain the highest profit under a given biophysical land productivity (production per unit area). Since this process was conducted in each region and grid cell, land transactions across the regions were not allowed. The allocation was conducted in 5-year steps. There were seven crop types, with or without irrigation ( Table 1) . The crop types were aggregated as cropland for model verification according to the availability of historical cropland data. Land for wood production was excluded from this work. To convert quantities of harvested wood into areas of land, information regarding the historical map of harvested aboveground biomass, and the subsequent recovery following wood harvesting and land-use abandonment are needed. However, no global, gridded, or historical record of these data are available (Hurtt et al., 2011) .
Formulation
The following formulas refer to a certain year and region. The upper bars represent exogenous parameters.
Total profit was maximized as follows:
where g is a set of grid cells, l is a set of land-use categories, Φ is total profit (million US$), and Z l , g is the profit of land-use category l in grid cell g (million US$). The profit was represented as profit (S) minus land conversion cost (a l , g ) as shown in Eq. (2). The second term accounts for the land conversion cost by multiplication with the increase in the fractional area of land-use from the previous year (ΔYP l , g ). For this calculation, land-use patterns in the previous year were fed into the next year's calculation.
Subject to
where Y l,g is the fractional area of each land-use category l in grid cell g (grid
), S l , g is profit per area (million US$/ha), a l , g is land conversion cost per area (million US$/ha), GA g is grid cell area (ha/grid), Ypre l , g is the fractional area in the previous year (grid ). The fractional area should not be negative:
The total fractional area in a grid cell should be equal to or less than 1:
For each land-use category, the total area of land allocated should meet the given land demand area LDM l :
where LDM l is the land demand area (exogenous) for land-use category l (ha/year). Other land-use is defined as:
where Y 'o th' ,g is the fraction of grid cell area in other land-use categories (forest, pasture, and other natural vegetation).
To avoid land conversion of the protected area, the fractional area of other land (OTH), including forest, was assumed to be more than the fraction of protected area:
where Yprotect g is the fraction of protected area in grid cell g (grid −1 ). Assuming that human activity does not expand into areas with extremely low population density (Klein Goldewijk et al., 2011) , cropland and afforestation were not allocated in areas with a density of less than 0.1 person/km 2 :
where popd g is the population density (person/km 2 ).
Afforestation was assumed in non-forest areas with a carbon stock density lower than 2 kgC/m 2 , which was used as a definition, based on the carbon stock density, to differentiate forest and non-forest areas in Hurtt et al. (2011) :
where C S g is the mean carbon stock density in grid cell g (MgC/ha).
2.1.3. Allocation of pasture, forest, and other natural vegetation Potential profit from livestock products is determined by livestock intensity and productivity which are determined by livestock species, feed requirement, and farming systems and types (Havlík et al., 2014) . Since there is no sufficient data for estimating future distribution of potential profit from livestock products, pasture land was simply expanded or shrunk by scaling the base-year distribution up or down to meet the demand of pasture area. The pasture area was allocated to areas unprotected and unused for crop production and afforestation (see Section S2 of Supplementary material for more detail.). Then, forest and other natural vegetation were allocated on other land (OTH), excluding pasture, according to the carbon stock density in each grid cell. A level of carbon stock density between forest and grassland was determined so that the forest area was the same as the statistically determined forest area.
Carbon emissions and changes in carbon stock density
Carbon emissions from forest conversions were calculated from changes in the land use area and carbon stock density, while the carbon sink in afforestation areas was calculated from the area of afforestation (YT l,g,t ) and annual biomass growth (CFT g,t,t' ) (Eq. (11)). We used a timber yield function (Sohngen et al., 2009 ) to determine the changes in annual biomass growth according to forest age.
Eq. (11) is subject to:
where ΔC l,g,t is the carbon emission (positive values) and sink (negative values) in land category l, grid g, in year t (MgC/grid/year), CSL l ,g is the carbon stock density in land category l, grid cell g in year t (MgC/ha), CFT g ,t , t' : is the annual biomass growth ratio of forest planted in year t′ in grid g, year t, (MgC/ha/year), ΔY l , g , t is the change in fractional area in land category l, grid g in year t (year
), and YT l , g , t is the fractional area in land category l, grid g in year t (grid decreased the carbon stock, while afforestation increased the stock. Carbon emissions/sinks and changes in carbon stock density were calculated every year as a post process. Then the carbon stock in the previous year is fed into the next year.
2.1.5. Parameter settings and data used 1) Profit and land conversion cost The two main parameters in Eq. (2) are profit (S) and land conversion cost (a). Profit was defined as revenue minus cost. Revenue from crop production was the multiplication of crop price and yield. Revenue from afforestation included revenue from the carbon sequestration of the forest and the benefits of forest restoration. Cost for crop production and afforestation were calculated by a total sum of capital, labor, and intermediate costs divided by the land area for the according sectors. This cost and land area information was provided by AIM/CGE, and was uniformly used for the grids in each region.
The land conversion cost included road construction costs, irrigation cost, and payments for land-use emissions (Eq. (14)). Road construction costs were derived from road length and the construction cost per unit length (WorldBank, 2014) . Road length included i) rural road length (IRF, 2009) and ii) the distance from the nearest grid occupied by the same land category which represents neighborhood effects in land transition (Verburg et al., 2004) . Irrigation costs were obtained from multiplying the irrigated area and the cost per unit irrigated area (Nelson et al., 2009) . The costs of carbon emission were considered in mitigation scenarios, where a price was placed on carbon (see Section S3 of Supplementary material for more detail).
2) Land productivity and carbon stock density
The mean crop yields of the irrigated or rain-fed area were calculated using data for the period 1990-2004 from the Lund-Potsdam-Jena managed Land Dynamic Global Vegetation and Water Balance Model (LPJmL), provided by the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) (Rosenzweig et al., 2014) . The yields of 13 crops, as determined by the LPJmL were aggregated into the seven crop classifications of the model for each grid cell using the crop production of the country which the grid cell belonged to (FAO, 2013) , as a weighting. All of the crop yields considered CO 2 fertilization.
For the base-year carbon stock density and energy-crop yields, we used estimates from a process-based biogeochemical model (the Vegetation Integrative SImulator for Trace gases; VISIT) (Ito and Inatomi, 2012) . The annual biomass growth ratio was changed with forest age using a timber yield function (Sohngen et al., 2009) . A parameter of the timber yield function was estimated by assuming the potential carbon stock density as a saturated level. For the potential carbon stock density, we referred to the carbon stock density for Agro-Ecological Zones (AEZs) (IPCC, 2006) , and allocated the density to grids according to the AEZ of each grid.
3) Reference land-use map
For the reference land-use distribution used in the base-year allocation, cropland maps (Monfreda et al., 2008) were produced by aggregating 175 crop types into the crop classifications of the model (see Table  S1 in Supplementary material for crop classifications). Representative concentration pathway (RCP) scenarios (Hurtt et al., 2011) were used for settlements, ice, or water while United Nations Environment Programme-World Conservation Monitoring Centre (UNEP-WCMC, 2015) data were used for protected land. The base year irrigation ratio was calculated by multiplying a gridded current irrigation ratio (MIRCA2000) and the cropland ratio by crops (Monfreda et al., 2008) . In cases where there was an inconsistency in land area among different data sources, land other than cropland and pasture was changed at the same ratio so that total area was equal to country/regional land area. Then settlements, ice or water, and protected areas were assumed to be constant for the entire period.
The AIM/CGE model
The AIM/CGE model builds on the work by (Fujimori et al., 2012) , and has been widely used for climate change studies (Hasegawa et al., 2015 (Hasegawa et al., , 2016 ). In the model, supply, demand, trade, and investment are described as individual behavioral functions that respond to changes in the price of production factors and commodities, as well as changes in technology. The functions also respond to preference parameters on the basis of the assumed population, GDP, and consumer preferences. The model contains 17 regions and 42 industrial classifications including 10 agricultural sectors. Production functions are formulated as multinested constant elasticity substitution (CES) functions where land is a production factor for agricultural and forest commodities. Allocation of land by sectors is formulated as a multinominal logit function to reflect differences in substitutability across land categories with land rent . See Section S1 of the Supplementary material for more details about the CGE model and parameter settings.
We used baseline and mitigation scenarios generated by AIM/CGE. Both scenarios were based on shared socioeconomic pathway 2 (SSP2) assumptions. In the baseline scenario, no explicit climate mitigation was considered, while the mitigation scenario was defined by a radiative forcing in the year 2100 of 2.6 W/m 2 . Fig. 2 shows the land-use change in the two scenarios. The area of forest and biomass crops decreased in the baseline scenario and increased in the mitigation scenario.
Model verification 2.3.1. Methods of model verification
To evaluate how different an allocation mechanism is from existing studies, we performed model verification in the period 1960-2005 as shown in Fig. 3 . The existing data of regional land-use area were input to the model in 5-year steps, and then model's agreement was evaluated by comparing our estimates with the existing data in terms of spatial land-use distribution and CO 2 emissions. The consistency between the two values in spatial land distributions was evaluated using root mean squared error (RMSE), which represents the differences in the two spatial distributions.
Due to the limited availability of historical data regarding the spatial distribution of land-use, the model verification was conducted for two land categories: cropland and pasture. To evaluate the forest spatial allocation, we also compared land-use emissions with reported values (Smith et al., 2014) due to the limited data regarding historical forest distribution.
Data used for model verification 1) Crop yields and carbon stock density of forest
For crop yields, we used the mean yields of five crops (rice, wheat, other coarse grains, oil crops, and sugar crops) for the 1990s estimated by the Global Agro-Ecological Zones (GAEZ) model (Masutomi et al., 2009) , in which this historical period was available (see Fig. S3 ). The yields of 13 types of crops were aggregated in each grid using the crop production of the country (FAO, 2013) to which the grid cell belonged as a weighting. The irrigation area was fixed at the present level (MIRCA2000) for the study period. For the carbon stock density and energy-crop yields, we used the estimates of the VISIT as shown above.
2) Land-use map and costs
Three types of land-use data were required for the model verification: regional aggregated land-use data as an input to the model, a reference land-use map for the base-year calculation, and the land-use map of existing studies for comparison. Data from Ramankutty (2012) were used for these three cases. The land-use map was aggregated at the regional level and fed into the model (Fig. S4) . The land-use map in 1960 was used for reference in the base year of 1960, while the data from 1961 to 2005 was used for comparison with the model output. Profit and costs were fixed at the current level due to limited data availability. Fig. 4 shows the RMSE representing mean differences in the area fractions in grids. The RMSE was 0.18/grid for cropland and 0.11/grid for pasture land at the global scale in 2005. There were two notable features in these differences. First, the differences increased over time and were relatively large in cropland compared to pasture land. Second, the differences were large in regions, particularly in aggregated regions, with a large historical change in cropland area (Oceania, Southeast Asia, the former Soviet Union [FSU] , North Africa, Sub-Saharan Africa, and the Middle East). There was a large difference in countries with a large area and a large change in cropland areas (e.g., Brazil). Fig. 5 show the discrepancy between our estimates and the existing reconstructed values of the fractions of cropland for selected years (see Fig. S5 for the spatial distribution of cropland and pasture land in 1960 and Fig. S6 for the discrepancy for pasture). Although the distribution is comparable with the reconstruction across the world, in some regions cropland was estimated to expand to high-yield areas over time (see Fig. S3 for yield distribution), resulting in differences with the existing cropland and pasture land data. This phenomenon was clearly seen in the northeast coastal area of Australia, South Africa, and Brazil. This means that some of the reported pasture area, with potentially high crop yields, was selected as cropland as a result of model optimization, which led to differences with the reported data. This suggests that some areas with highest yields were not necessarily selected as cropland, and there might be some factors affecting cropland selection that were not considered.
Results

Model verification
Comparison of historical land-use emissions
Because the given land-use area was spatially distributed into grids, one way to evaluate agreement would be to compare land-use carbon emissions with existing studies. Fig. 6 compares the land-use emissions estimated in this study with existing studies reported in the Intergovernmental Panel on Climate Change Fifth Assessment Report (IPCC AR5) (Smith et al., 2014) . Some studies included wood harvesting, forest degradation, and shifting cultivation, which were not included in this study. Emissions from peat lands were not considered here. With the exception of some regions and years, the estimations at the global scale and in the five regions considered in this study were within the range of existing studies. With a similar regional distribution, emissions in Asia and Latin America (LAM) were relatively large among the five regions. Global emissions were reported to be 3.3 GtCO 2 eq/year (0.2-6.8 GtCO 2 eq/year) in the 2000s, while this study estimated a value of 3.3 GtCO 2 eq/year. However, on a regional basis, this study estimated lower values than the existing studies in LAM and Asia. In the 1980s in LAM, the Fifth Assessment Report (AR5) gave a value of 1.9 GtCO 2 eq/-year (0.9-2.75 GtCO 2 eq/year), while this study estimated 0.44 GtCO2eq/year. In the 1990s in Asia, the AR5 report gave a value of 1.49 GtCO 2 eq/year (0.85-1.95 GtCO 2 eq/year), while this study estimated 0.62 GtCO 2 eq/year.
One of the reasons for the differences can be the historical land-use datasets. There are mainly two historical datasets of global land-use distribution; (Ramankutty and Foley, 2010 ) (updated by Ramankutty, 2012) and HYDE3.1 (Klein Goldewijk et al., 2011) . For the verification, we used Ramankutty (2012) for two reasons. First, it included annual data, while HYDE3.1 was decadal data. Second, it contained the latest available data, covering up to the year 2007. It should be noted that these two historical datasets were constructed, not observed, and contained differences due to the different approaches and data used. For example, the decrease in pasture area after the 1980s reported in Ramankutty (2012) was likely the main reason for the differences in emissions in LAM shown in Fig. 6 . Ramankutty (2012) excluding Houghton (2012) and Jain et al. (2013) which used FAO and the three datasets (FAO, HYDE3.1, and Ramankutty), respectively. These differences in data sources for historical land-uses were likely to have produced the differences in the estimated emissions.
Downscaling land-use scenarios from an economic model
Figs. 7 and 8 show the changes in the fraction of land-use area from the base year for the baseline and mitigation scenarios, respectively (see Fig. S7 for the base-year spatial distribution of land-use). In the baseline scenario, cropland and pasture land expanded in sub-Saharan Africa, the eastern coastal area of Australia, and the east side of the United States, whereas the area of both land types shrank in China and the FSU. Afforestation expanded in the west of the FSU and the south of China. In subSaharan Africa, cropland for coarse grains, potatoes, and cassava expanded in the central area, while pasture land expanded over the entire area. In the east of the United States, cropland for maize and oil crops expanded, while in the east of Australia wheat fields expanded. In contrast, the area of cropland for potatoes and cassava shrank in the south of China, while the area of cropland for maize and wheat shrank in the central and west of the FSU.
In the mitigation scenario, more land was used for afforestation and bio crops compared to the baseline scenario. For example, in Brazil and FSU, there was an approximately 100 million ha larger area of afforestation in 2100 compared to the baseline scenario. This afforestation was allocated to central Brazil and the south of the FSU. The United States and European regions had large bio-crop production, predominantly in the south of the United States, but throughout all of Europe. This large bioenergy production was expected in the OECD countries because for bioenergy the CGE model assumes local production for local consumption.
We compares future land-use emissions and sinks estimated by the economic model and the land-use allocation model (see Fig. 9 ). There were similar trends at the global scale, but significantly different in some regions. The differences between the two models were mainly caused by the differences in carbon stock density and biomass growth rate of forests. For example, the Africa region and parts of Asia, such as India, had large differences in emissions because cropland expansion was allocated to areas where potential crop yields were high and forest carbon stocks were smaller compared to the values assumed in the economic model (see Fig. S8 in the Supplementary material for regional emissions).
Discussion
Interpretations
Our verification showed degree and cause of uncertainty which may occur in future projections within the range of changes seen in the past 45 years. Determining an uncertainty range in land use projections would improve the interpretation of model results and future landuse estimates in the assessment of policy and impacts for at least the next half a century. However, this result does not always guarantee the accuracy of estimates with large changes, as seen in the long-term scenario (i.e., to the end of this century), or stringent climate mitigation scenarios with dynamic land-use changes due to large-scale bio-energy use. Further work is needed to understand in more depth the driver of land use allocation and the causes of uncertainty to improve the land use projections for a longer term.
Since land-use is a main part of global environmental changes, downscaling future land-use projection estimated by the IAMs would expand the application possibility and meanings of the model integration. We expect this model to be useful to model integrations between ESMs and IAMs and further understand of interactions between human and global environments. Moreover, regional disaggregation in IAMs is an ongoing challenge in such assessments because the IAMs have been used to assess impacts of climate change and mitigation measures which have regional heterogeneity. For example, considering the climate change impacts on crop production at a gridded level might change the magnitude of the regional impacts on land use change, food price and risk of hunger while considering potential bioenergy production at gridded level could provide more useful information about climate mitigation effects on biodiversity.
Future challenges of land-use allocations
There are some challenges to be addressed in future study. With regard to the socioeconomic conditions as a driving force of the land-use, for example, accessibility to the market (for example, the spread of transport infrastructure such as roads and railways, distance to urban areas, and transportation costs) was not explicitly considered in this study because there was insufficient information regarding the historical dissemination of the transportation infrastructure, and the connection of consumption and production areas. The accessibility was implicitly considered in terms of population density. In addition, land- use policies and regulations might affect the land-use, but were not considered because such global data do not exist.
With respect to the biophysical factors, crop yield is a determinant of the land-use. The suitability of agricultural land, including soil conditions, water, and climate, were taken into account in crop models, and agricultural technology development was considered in AIM/CGE, whereas the following points were not considered in the crop yield and should be addressed in future studies. First, in model verification, irrigation ratio, which affects the suitability of agricultural land was fixed to the current level because there were no data for historical irrigation spread. Second, land productivity generally decreases and production cost increases along with cropland expansion because of the effect of diminishing returns. Changes in productivity caused by land expansion across the grids were considered by using the spatial yield distribution, whereas effects that occurred within a grid were not explicitly considered. Third, the value of ecosystem services may be reflected in the actual land-use distribution. This study only considered the benefits from afforestation by uniformly assuming the value of forest restoration though the value lost due to deforestation and other destruction was not considered due to the difficulty of quantification.
Conclusions
We developed a land-use allocation model to downscale land-use data into a 0.5-degree resolution, and conducted a downscaling of future land-use scenarios estimated by an IAM (AIM/CGE) into a gridded level. To verify the model's downscaling technique, we applied the model to the past 45 years and evaluated the model agreement with existing studies. We found three features. First, the difference between the existing studies and our estimates of spatial distribution was relatively large where there had been a large historical cropland expansion. Second, the differences become larger over time, and the mean difference reached 0.18/grid for cropland and 0.11/grid for pasture land in the past 45 years. Third, we obtained a similar trend in global carbon emissions due to land-use changes, but there were regional differences between the estimates and values reported in existing studies.
As a result of the downscaling of the aggregated scenario, total carbon net emissions estimated by the land-use allocation model and the AIM/CGE model were comparable at the global scale, but there was discrepancy in regional scale. The regional differences were caused mainly by the spatial distribution of carbon stock density and the growth rate of forest biomass. For example in Sub-Saharan Africa and India, cropland expansion was allocated to an area with a small carbon stock density compared to the value assumed in AIM/CGE. The economic model contained a rough description of regional biophysical conditions due to regional aggregation, and did not capture such spatial distribution. This indicates that a framework combined with the land allocation model would enhance the spatial descriptions in economic models or IAMs and would help in assessing climate impacts on a wider spatial aspect such as biodiversity and water resource as well as designing effective adaptation and risk management strategies. To ease such further analysis, all data and methodology presented here is made available to the wider community.
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